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A methodology is described for screening fragment ion spectra of peptides prior to database
searching for protein identification. A software routine written in the Perl programming
language was used to analyze data from previous Sequest database searches and develop a set
of statistical descriptors that could be used to identify spectra not likely to yield useful results
in a database search. A second Perl program used an evolutionary algorithm to optimize the
criteria for each statistical descriptor and generate a formula for determining spectral quality.
This formula was used by a third Perl program to screen data sets from four independent
liquid chromatography tandem mass spectrometry runs. On the average, use of the screening
program reduced the time required for a database search by 1/2 with little loss of useful
information from the database search results. (J Am Soc Mass Spectrom 2000, 11,
422–426) © 2000 American Society for Mass Spectrometry
Identification of proteins by enzyme digestion, massspectral analysis, and database searching has be-come a standard and very powerful technique.
Three main approaches to database searching have
been developed based on peptide mass fingerprinting
[1–3], peptide mass plus partial sequence [4], and full
fragmentation pattern matching [5]. Methods based on
full fragmentation pattern matching are potentially the
most powerful because they take advantage of all
available information, but require much more computer
processor time.
Using Sequest, a commercially available searching
program based on full fragment pattern matching, to
search a nonredundant database is comparatively slow.
Sequest takes approximately 50 s to search one tandem
mass spectrometry (MS/MS) spectrum against the
OWL database (312,942 proteins) using a single 450
MHz Pentium II Xeon processor. A mass spectrometer
with an on-line separation and data-dependent analysis
can generate data 10 to 50 times faster. Much of the data
from such an analysis are of very low quality as the
mass spectrometer can continue to generate data even
when no peptides are being analyzed. To reduce this
problem, attempts have been made to automatically
screen spectra to eliminate those derived from known
contaminants [6]. However, this does nothing to elimi-
nate spectra derived from background noise, or pep-
tides that do not fragment well. It is possible to manu-
ally sort through the data to eliminate spectra that are
unlikely to generate positive database search results.
Using trained human analysts to save computer pro-
cessing time is not a worthwhile solution, but suggests
that there are quantifiable differences between promis-
ing and unpromising spectra. In this report, we describe
a series of simple software routines that have been used
to analyze the results of old searches to identify these
quantifiable differences. Based on the results of those
studies, a computer program was written to screen out
unpromising spectra from a set submitted for database
searching.
Experimental Methods
Data for the study were collected from old Sequest
(Finnigan MAT, San Jose, CA) search files generated by
the Mass Spectrometry Core Facility, Beckman Research
Institute, City of Hope. The mass spectral data were
generated using a Finnigan LCQ ion trap mass spec-
trometer, and were acquired in the centroid mode. The
data extraction and screening programs were written in
Active Perl for Windows v. 5.005, available from the
Comprehensive Perl Archive Network (http://www.
cpan.org). Extracted data was further manipulated
using Microsoft (Redmond, Washington) Excel97. All
Perl programs described here are available from the
authors (http://www.cityofhope.org/immunology/
download.html).
The Perl script fullstats.pl was written to extract
descriptive statistics from MS/MS spectra submitted to
Sequest and the cross correlation score from the corre-
sponding search results. The statistics extracted were
the total number of peaks, base peak intensity, total ion
current (TIC), standard deviation of peak intensity, and
the fraction of ions exceeding fixed relative abundances.
The descriptive statistics and cross-correlation score
were output to a delimited text file that was then
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imported into Excel for further manipulation. Two
additional Perl scripts, cutoff.pl and weighted.pl, used an
evolutionary algorithm approach to generate selection
criteria from the statistical data. The selection criteria
were then incorporated into the Perl script winnow.pl,
which creates a list of accepted files, a list of rejected
files, and a log file describing why each file was
accepted or rejected.
Results and Discussion
Developing selection criteria based on the results of old
searches has several advantages. The data are readily
available and represent a tremendous investment of
resources. More importantly, data from previous
searches are an accurate representation of the perfor-
mance of the complete system that generated it. A
number of factors, including the type and model of
mass spectrometer, system parameters such as collision
energy, and the specific search parameters used can
have an impact on the search results. An analysis based
on old data inherently incorporates all this information
as well as certain limitations to the database searching
approach. This means that the screening parameters
generated will be optimized for the exact system in use,
but may make the parameters less useful for screening
spectra generated under substantially different condi-
tions. For the work described here, results from
searches over 10,000 individual MS/MS spectra were
arbitrarily divided into two data sets of roughly equal
size. Selection criteria developed by analyzing one data
set were then tested using the other data set.
Sequest cannot produce a positive match for a spec-
trum of a peptide that is either not in the database being
searched or contains unanticipated posttranslational
modifications. Any Sequest search may contain false
negative matches because the peptide sequence is not in
the database being searched. The corresponding prob-
lem of false positive matches can be largely eliminated
by choosing an appropriate cross-correlation score cut-
off.
To avoid problems caused by false negative matches,
a two-step approach was chosen to develop selection
criteria. Spectra were separated into “good” and “bad”
groups based on the cross-correlation score from the
Sequest search. From our own experience and work
published by others [7], the dividing line used was a
score of 2.0. The optimum set of selection criteria was
then defined to be one that selected a specified percent-
age of good spectra while including as few bad spectra
as possible. Because the possible space of selection
criteria was too large for an exhaustive search, we chose
to use an evolutionary algorithm approach. An initial
standard set of selection criteria was generated, and the
number of bad spectra it selected was determined. The
various criteria were then randomly modified, and the
resulting number of bad spectra included by the mod-
ified criteria was compared to the number selected by
the standard set. If the new criteria selected fewer bad
spectra, they became the new standard set. The process
was then repeated 1000 times to generate an optimized
set of criteria. After a certain amount of experimenta-
tion it was found that 1000 cycles were sufficient to
produce optimum results. The process of generating
optimized criteria was repeated 20 times for each set of
data and the best resulting criteria were selected. It was
necessary to repeat the process of generating optimized
criteria to ensure that the criteria generated were close
to the global optimum of the data space and not a local
optimum. Producing criteria by focusing on the com-
mon features of good spectra tends to minimize the
potential problems caused by the high level of false
negative matches. Any set of criteria that includes a
high percentage of positive matches will also tend to
include a high percentage of false negative matches, as
their spectral characteristics are inherently similar.
The statistics extracted from the input MS/MS spec-
tra were chosen to include the factors that human
analysts use in judging whether a spectrum is likely to
produce a positive match. These factors include the
intensity of the spectrum, the total amount of data
present in the spectrum, and factors relating to the
distribution of peak intensities. The criteria chosen were
total ion current and base peak intensity to represent
spectral intensity, the number of peaks as a measure of
the amount of data in the spectrum, and the standard
deviation of peak intensities and the fraction of peaks
exceeding fixed relative abundances to represent the
distribution of peak intensities. Some of the criteria
chosen, particularly the base peak intensity, TIC, and
number of peaks, varied over several orders of magni-
tude in value. It was found that these factors did not
work well when directly incorporated into a weighted
formula, either dominating all other criteria or not
being incorporated into the formula at all. Using the
natural logarithm of these factors eliminated this prob-
lem. It was also found that a comparatively large data
set was needed to get high quality results. In a data set
containing only 1000 total spectra and only about 200
good spectra, a handful of anomalous spectra can
severely bias the final results. At least 5000 spectra
seemed to be a practical minimum for generating new
formulas, meaning that 10,000 spectra were needed to
have equally sized data sets for generating and testing
new formulas. No attempt was made to incorporate
measures relating to the distribution of peaks on the
mass axis.
Two different methods of utilizing the selection
criteria were used, which were designated as the cutoff
method and the weighted method. In the cutoff
method, each descriptive statistic had its own cutoff
value. The cutoffs could be either low cutoffs, in which
spectra had to exceed the cutoff value to be selected, or
high cutoffs, in which spectra had to fall below the
cutoff value. Spectra had to meet all cutoff values to be
selected. In the weighted method, the values for various
statistics were combined in a linear formula to produce
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a single composite score with a single cutoff value for
selection.
Each method was tested using different numbers of
descriptive statistics, and the selection criteria devel-
oped were applied to an independent data set. The
weighted approach was somewhat superior to the cut-
off approach, selecting a higher percentage of good
spectra and a lower percentage of bad spectra when
using the same set of statistics (Figure 1). The single
most important statistic was found to be the natural
logarithm of the number of peaks in the spectrum.
Adding three additional statistics, the natural logarithm
of total ion current and the fraction of peaks exceeding
1% and 20% relative abundance, improved the results
noticeably. Including any of the other statistics that
were considered did not improve the results. Because
the results using the weighted method were superior to
those using the cutoff method, all further experiments
were performed using the weighted method only.
The weighted approach was then tested by varying
the specified percentage of good spectra to be selected.
The selection criteria developed using one data set were
then applied to the second data set to test their practical
applicability. The percentage of bad spectra selected
dropped significantly as a few percent of the good
spectra were not selected (Figure 2). When the percent-
age of good spectra selected was set below about 95%,
the decrease in the number of bad spectra selected was
less dramatic. As a result of this data, it was determined
that a good choice of formula for screening good from
bad spectra would be
0.25728*ln~P! 1 0.11836*ln~T! 1 0.39309*F1
2 0.23127*F20 $ 2.98546
where P is the number of peaks in the spectrum, T is the
total ion current, F1 is the fraction of peaks exceeding
1% relative abundance, and F20 is the fraction of peaks
exceeding 20% relative abundance.
This formula was incorporated into the Perl program
winnow.pl, which is used to analyze all the MS/MS
spectra in an LC/MS run and select those to be used for
Sequest searching. The value of the winnow.pl program
was tested by running Sequest searches on four new,
independent data sets with and without winnow.pl
screening. The time saved for each run was roughly
proportional to the ratio of bad spectra to the total
number of spectra (Table 1). Results were similar for
peptide mixtures generated using either trypsin or Asp
N as the proteolytic enzyme. It is also important to note
that the screening program works just as well for data
sets with only a few good spectra as it does for sets
containing many good spectra. For the combined data
sets, the use of winnow.pl cut the time spent searching
by 1/3 with the loss of only one good spectrum out of
107. Only a few seconds are needed for winnow.pl to
screen each data set, which is insignificant compared to
Figure 1. Percentage of (A) good spectra and (B) bad spectra included as a function of number of
statistics used to develop the selection criteria. The ln(number of peaks), [ln(P)] was used for 1
statistic. For 2 statistics, ln(P) and ln(total ion current) [ln(T)] were used. For 3 statistics, ln(P), ln(T),
and fraction of peaks .1% (F1) were used. For 4 statistics, ln(P), ln(T), F1, and fraction of peaks .20%
(F20) were used. For 5 statistics, ln(P), ln(T), F1, F20, and the fraction of peaks .50% (F50) were used.
For 7 statistics, the fractions of peaks .7% and .40% were added to the 5 statistics. For 12 statistics,
the fraction of peaks .3%, 13%, and 30%, ln(base peak intensity), and the ratio of standard deviation
to average peak intensity were added to the 7 statistics. For 18 peaks, the fraction of peaks .2%, 5%,
10%, 17%, 25%, and 35% were added to the 12 statistics.
Figure 2. Percentage of bad spectra selected as a function of the
percentage of good spectra selected using 1 statistic [ln(P)], and 4
statistics [ln(P), ln(T), F1, and F20].
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the time required for the Sequest search. In addition to
the list of spectra selected for database searching, win-
now.pl also makes a list of the rejected spectra that can
be searched later if desired. Thus, using winnow.pl does
not increase the time to do a search even if the decision
is made later to analyze all of the spectra. In the few
instances where this has been done, no additional
information on the sample was obtained by expanding
the search to include the rejected files.
A further refinement of the technique incorporated
information about the molecular weight and charge
state of the parent ion in addition to the four criteria
mentioned above. The information about charge state
was incorporated into the formula in several different
ways. In one approach, spectra from parent ions with
different charge states were separated and different
criteria were developed for each parent ion charge state.
Another took essentially the same approach but
grouped spectra from 12 and 13 parent ions, which
seem to behave similarly for Sequest searching. A third
approach grouped all spectra but included the parent
ion charge state as an explicit criterion. The decision to
split the data by charge state necessitated using a larger
data set consisting of about 20,000 individual spectra
and again divided arbitrarily into equally sized training
and testing data sets. MS/MS spectra derived from
parent ions with charge greater than 3 were excluded
from the study, as they were extremely rare in the data
set used and rarely gave positive search results. Each
data set was tested both with and without the natural
logarithm of the parent ion mass as a criterion. As
shown in Figure 3, separating MS/MS spectra from
singly charged parent ions from MS/MS spectra from
doubly and triply charged parent ions significantly
improved the quality of screening, but only if the parent
ion mass was incorporated as a criterion. Further sep-
arating spectra derived from doubly and triply charged
parent ions did not improve the results. A further
analysis of the data indicates that the parent ion mass
was a significant criterion only for MS/MS spectra
derived from singly charged ions (data not shown).
Results for MS/MS spectra derived from doubly and
Table 1. The effect of using winnow.pl to screen spectra from four different LC/MS runs on peptide mixtures obtained using trypsin
and Asp N endoproteases. Two different versions of winnow.pl used either a single formula for all spectra or multiple formulae
depending on parent ion charge state. All times are in minutes
Sample Enzyme
Total
spectra
Good
spectra
Search time
No
screening
With screening Time saved Good spectra lost
Single Multiple Single Multiple Single Multiple
1 Trypsin 304 56 267 219 165 48 (18%) 102 (38%) 0 3
2 Trypsin 248 34 232 162 121 70 (30%) 111 (48%) 0 2
3 Asp N 179 9 132 54 24 78 (59%) 108 (82%) 1 2
4 Asp N 157 8 111 62 46 49 (44%) 65 (59%) 0 1
Total 888 107 742 497 356 245 (33%) 386 (52%) 1 8
Figure 3. Percentage of (A) good spectra and (B) bad spectra included using different information
about parent ion mass and charge state. Information about the charge state was incorporated by
completely separating spectra by parent ion charge state (separate), separating spectra derived from
singly charged parent ions from those derived from doubly and triply charged spectra (2 & 3
grouped), or grouping all spectra but including parent ion charge state as an explicit statistic (all
grouped). Each data set was examined both with and without the natural log of parent ion mass as a
statistic. Incorporating parent ion mass and separating out spectra derived from singly charged parent
ions significantly improved the results by excluding more bad spectra. Treating spectra from doubly
and triply charged parent ions separately had little effect.
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triply charged parent ions were actually slightly better
when not incorporating parent mass data, but the
differences were not significant. The optimized formu-
las for acceptance were
z 5 1 0.4083*ln~M! 1 0.2013*ln~P!
1 0.0490*ln~T! 1 0.1513*F1 2 0.1901*F20
$ 4.5251
z 5 2, 3 0.1242*ln~P! 1 0.1437*ln~T!
1 0.4078*F1 2 0.3243*F20
$ 2.7037
z . 3 not accepted
where z is the parent ion charge state, M is the parent
ion molecular weight, P is the number of peaks in the
spectrum, T is the total ion current, and F1 and F20 are
the fraction of peaks exceeding 1% and 20% relative
abundance, respectively.
These formulas were incorporated into the screening
program winnow.pl and the new version was tested by
analyzing the same four data sets as were analyzed
using the first version. As shown in Table 1, the version
of winnow.pl incorporating multiple formulas cut search
times even more than the version using a single for-
mula, 1/2 of total time instead of 1/3. The decreased
search time did come at the cost of a small decrease in
the number of good spectra. The multiple formulas
excluded 8 of 107 good spectra instead of the 1 good
spectrum lost using the single formula.
Conclusions
Prescreening of spectra before database searching is an
effective method of cutting computing time. It elimi-
nates a substantial number of bad spectra while keeping
almost all of the good ones. Because database identifi-
cation of proteins is an inherently robust process, elim-
ination of any one spectrum will not generally compro-
mise the correct identification of a protein. The
computational savings from not searching unpromising
spectra can also be used to look for modified amino
acids in the spectra that are searched, potentially im-
proving the quality of the overall results. The approach
to screening spectra presented here is also complemen-
tary to approaches that search for spectra matching
known contaminants.
This methodology is generally applicable. Differ-
ences between mass spectrometers or the nature of the
information required to solve the problem may make it
desirable to change the selection criteria which is
readily done using these programs. As long as there is
a similar way of dividing spectra into good and bad, the
same approach could be adapted to other database
searching techniques. The approach may also be usable
to determine other significant parameters. By varying
the cross correlation value used as a dividing line
between good and bad spectra, it might be possible to
find an objective standard for the cutoff.
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